This paper addresses the optimal involvement in derivatives electricity markets of a power producer to hedge against the pool price volatility. To achieve this aim, a swarm intelligence meta-heuristic optimization technique for long-term risk management tool is proposed. This tool investigates the long-term opportunities for risk hedging available for electric power producers through the use of contracts with physical (spot and forward contracts) and financial (options contracts) settlement. The producer risk preference is formulated as a utility function (U) expressing the trade-off between the expectation and the variance of the return. Variance of return and the expectation are based on a forecasted scenario interval determined by a long-term price range forecasting model. This model also makes use of particle swarm optimization (PSO) to find the best parameters allow to achieve better forecasting results. On the other hand, the price estimation depends on load forecasting. This work also presents a regressive long-term load forecast model that make use of PSO to find the best parameters as well as in price estimation. The PSO technique performance has been evaluated by comparison with a Genetic Algorithm (GA) based approach. A case study is presented and the results are discussed taking into account the real price and load historical data from mainland Spanish electricity market demonstrating the effectiveness of the methodology handling this type of problems. Finally, conclusions are dully drawn.
Introduction
Long-term contractual decisions are the basis of an efficient risk management. On a vertical integrated electricity market, price variations were often minimal and heavily controlled by regulators. In this structure, electricity price evolution is directly dependent on the government's social and industrial policy. The price forecasting was mainly focused on the underlying costs (namely, fuel prices and technological innovation among others). Any price forecasting made on this basis was tended to be over the long-term. With electricity markets re-regulation process, aforementioned features have been changed dramatically. Thus, ownership on this activity sector becomes private rather than public or a mixture of both. Moreover, pools or power exchanges have been introduced for wholesale trading.
Price forecast on re-regulated electricity markets is a hard task due to the high pool price volatility. Charge characteristics (seasonality, mean-reversion and load stochastic growth) and producer's characteristics (technology, generation availability, fuel prices, technical restrictions, import/export, etc.) are at the origin of high price volatility in electricity markets. Several techniques have been used for short-term price forecast in electricity markets. In [1] , artificial intelligent tools were proposed to forecast spot prices, namely, a combination of neural networks and fuzzy logic. Indeed, neural networks have now an extensive use in load and in price forecast [2] [3] [4] [5] [6] . Fuzzy techniques mixed with neural networks are used to predict possible prices range [7, 8] . Stochastic processes are also used to analyze time series as ARIMA processes [9] ; a class of stochastic processes was used to predict next-day electricity prices in mainland Spanish and in California markets. In [10] , two forecasting tools based on dynamic regression and transfer function models are presented.
However, for the market agents who want to maximize their profits and simultaneously to practice the hedge against the market price volatility, the use of forward, futures and options contracts become a constant in developed electricity markets. Those types of contracts have a maturity that goes from 1 year to several years in the future, turning more difficult the decision process related to contracts establishment if they are not supported with a robust price forecast methodology.
Due to long delivery periods of the contracts described above that make more sense to forecast the market price mean value for each month. Moreover, contractual positions should be continuously review (say once a month) or each time the agent needs to consider the ones already locked. After review references, we assure that this problem has not been treated deeply in the scientific literature. It is not a good practice in risk management to take contractual decisions based exclusively on a single forecasted value. In Section 3 is presented a different approach for long-term price forecast. The proposed methodology, based on regression model, aims to find a maximum and a minimum monthly Market Clearing Price (MCP) average for a programming period, with a desired confidence level˛. This method makes use of statistical information extracted from mainland Spanish market historical data. Due to the complexity of the problem, the parameters are obtained using the meta-heuristic PSO [11] [12] [13] [14] . This model could also be applied to forecast electricity market price for more than 1 year.
The long-term price forecast makes use of the monthly load average forecast for the same period. For this reason, the authors have also developed a long-term monthly load forecast using PSO.
For both models, long-term price and load forecast, PSO performance has been evaluated by comparing it with a GA.
To find best portfolio for a market agent and particularly for producers, which allow to hedge against market price volatility and simultaneously increasing their profits. Ref. [15] proposes solutions for electricity producers in the financial risk management field for electric energy contract evaluation using efficient frontier as a tool to identify the preferred contract portfolio. In [16] a decision-support system based on stochastic simulation, optimization and multi-criteria analysis, is applied to electricity retailer. A statistical study of direct and cross hedging strategies using futures contracts in an electricity market is presented in [17, 18] . A framework to obtain the optimal bidding strategy of a thermal price-taker producer on a pool-based electric energy market is presented in [19] . The optimal involvement in a futures electricity market of a power producer to hedge against the risk of pool price volatility using conditional Value-at-Risk as risk measure is presented in [20] . A risk-constrained stochastic programming framework to decide which forward contracts the retailer should sign and at price it must sell electricity and its expected profit is maximized at a given risk level has been proposed in [21] . A technique based on stochastic programming to optimally solve the electricity procurement problem faced by large consumer is presented in [22] . Ref. [23] analyzes the impact of the degree of unavailability of the generating unit on its forward contracting decisions.
In this work, long-term risk management tool makes use of a long-term price range forecast has been developed and discussed. The proposed long-term risk management tool aims to find the best portfolio in function of the risk aversion factor ( ) of the producer, which maximizes the expected return and, simultaneously, allows hedging against market price volatility. To achieve this, the decision-support system maximizes a mean-variance utility function (U) of the total return ( ).
In this methodology, a portfolio model based on utility functions instead of option pricing models [24, 25] has been used, because the financial markets on electricity markets are incomplete (hedging instruments unavailable). Uncertainties associated to generators availability, fuel prices, technical restrictions and weather conditions, turn difficult, if not impossible, to find a replicating portfolio, which perfectly matches the future spot market payoffs. The power market exercise by some agents is also a source of uncertainty. Moreover, several markets around the world are still on their recent stage, with a small number of financial tools for an efficient risk management. Another issue in power markets is that electricity cannot be stored for later use. Consequently, the strategy of buying the asset today to offset part of future losses does not apply. The closest strategy is to buy a forward or futures contracts. Therefore, the delivery price of these mentioned contracts should be equal to the expected spot market price for the delivery period, which not always happens. Consequently, the electricity markets are not "complete" (i.e., any desired financial hedges are not available at a price), so risk attitudes and mean-variance frontiers are still relevant.
PSO and GA algorithm performance are evaluated to show PSO is a very successful meta-heuristic technique for solving this problem in particular.
The paper is organized as follows: Section 2 presents a long-term load forecasting model, followed by a case study applying aforementioned model. Section 3 presents a long-term price forecasting method, followed by the application of this method to a case study. Section 4 shows the problem formulation of the risk management. Finally, Section 5 draws the relevant conclusions.
Long-term load forecast
The proposed method is based on regression models. The main goal of this methodology is to find the regression parameters that minimize the absolute error to considered load historical data for monthly time interval for 1-year period.
Load pattern is not complex as the revealed by the market price. To find the best regression parameters, load historical data of the previous 2 years has been used.
General description
The optimization problem that allows to find the best regression parameters for the monthly load average is given by (1) and (2):
Penalty function
To solve the optimization problem, PSO has been used to find the best solution.
To satisfy constraint (2) for each period i, the penalization function (3) has been added to the optimization problem:
where
2.3. PSO and GA parameters Tables 1 and 2 present the parameters of PSO and GA algorithm, respectively. Besides the optimum parameters of PSO method, being also dependent on the fitness function. Experimentations show that the number of evaluations used cannot compromise the results and allow to achieve the best solution.
Case study
This test case uses a real load historical data (2001) (2002) (2003) (2004) (2005) (2006) ) that has been extracted from the mainland Spanish market has been used to forecast the monthly load average for the year 2007. Fig. 1 shows the mentioned monthly load average historical evolution curve.
To find the best parameters, it was used the meta-heuristic PSO has been used and compared with a GA from performance point of view.
The stopping criterion is the maximum number of evaluations, fixed in 400,000 evaluations for both algorithms. To achieve the convergence PSO are necessary 20 particles and 20,000 iterations for PSO and a population size of 50 individuals and 8000 generations for GA. Results are presented in Tables 3-5,  respectively. It can be seen from Table 5 that, for this particular problem, PSO is faster than GA (less time) and finds better solutions (lower fitness value). These simulations have obtained by a computer Pentium 4, 3.2 GHz processor and 1 GB of RAM.
The monthly load average forecast for the year 2007 is presented in Fig. 2 . 
Long-term price range forecast
The proposed model aims to forecast the maximum and minimum monthly market price average with a desired confidence level , by using load and price statistical historical information data. The following methodology is deployed:
(1) For each month of the historical data, the monthly average load is divided on fixed and equal windows of size L. Then, for each window L and for the desired confidence level˛, statistical information is extracted from the correspondent monthly average market price namely, the significance interval corre- sponding to maximum and minimum price is between the interval (50 +˛/2) and (50 −˛/2), respectively. (2) For each historical monthly market price average, we find the correspondent maximum and minimum monthly market price average from the window L that it belongs. Based on this information, for each month of the year a regression is determined for the maximum and minimum monthly market price average with the objective to minimize the absolute error considering annual historical data. The regression independent variables used are: the monthly market price average of the previous month and the monthly load average.
Case study
The optimization problem allow to find the best regression parameters for the maximum monthly market price average with confidence level˛, is given by (5) and (6):
The optimization problem allow to find the best regression parameters for the minimum monthly market price average with confidence level˛, is formulated by (7) and (8):
After finding the best regression parameters for the maximum and minimum monthly market price average, it is necessary to forecast the load for the months which is intended to forecast the monthly market price average range.
To forecast monthly market price average range for the month i, (6) and (8) should be changed to (9) and (10), respectively:
Due to the high value of the monthly load average, the monthly market price average, a scale factor ı is applied to the monthly load average to avoid high values of˛1 ,i andˇ1 ,i to facilitate the convergence of the optimization problems.
Based on the aforementioned idea, Eqs. (9) and (10) should be changed to (11) and (12) as follows:
This method can also be used to forecast the monthly market price average range for several programming periods ahead using the following strategy: the average of monthly market price average range forecast for the programming period p will act as the previous monthly market price average for the programming period p + 1.
To solve the optimization problems the PSO algorithm was used and its' performance compared with the performance of a GA.
Penalty functions
To find the best solution of problems (5) and (7) PSO and GA algorithm were used. In order to satisfy the constraint of the optimization problem (5), the penalty function given by (13) and (14) was used:
with
To satisfy the constraint of the optimization problem (7) the penalty function given by (15) and (16) is used:
with c = |P
PSO and GA parameters
The PSO and GA parameters used to find the best solution are presented in Tables 6 and 7 , respectively. Besides the optimum parameters of PSO method, being also dependent on the fitness function. Experimentations show that the number of evaluations used cannot compromise the results and allow to achieve the best solution.
Case study
To test our model, in this section the monthly market price average is forecasted for the year 2007 in mainland Spanish market with a confidence level˛= 95%. It is assumed that t = 0 corresponds to 31 December of the year 2006. The historical data used was the monthly market price and load average from 2001 to 2006 presented in Figs. 1 and 3 , respectively. The proposed model needs the monthly forecasted load for the year 2007. The results of PSO algorithm have been used and presented in Fig. 2 because it achieve better results, namely lower Mean Absolute Percentage Error (MAPE).
PSO performance is compared with the one achieved by GA. The stopping criterion is the maximum number of evaluations, fixed in 400,000 evaluations for both algorithms. To achieve the convergence PSO are necessary 20 particles and 20,000 iterations for PSO and a population size of 50 individuals and 8000 generations for GA. Due to random initialization, the trajectory for each run is different; so 10 runs are used to find the average and the standard deviation of the results. The scale factor ı applied the monthly load average was set equal to 2 × 10 3 .
Results are presented in Tables 8 and 9 , respectively. The regression parameters standard deviation for the monthly market price range forecast using the PSO and a GA is presented in Tables 10 and 11 , respectively.
Table 9
Average of the regression parameters using GA. The mean and the standard deviation of the fitness functions for the 10 runs are presented in Table 12. Table 12 also includes the mean time necessary to reach the optimal solution for PSO and GA.
Analyzing Tables 10 and 11 , it can be verified that, for this particular problem, PSO solutions are more robust (smaller standard deviation values) than the ones attained with the GA.
It can be verified from Table 12 that, for this particular problem, PSO is faster than GA (smaller mean time), finds better solutions (smaller mean fitness value) and is more robust (smaller standard deviation values). These simulations were on the same computer.
The monthly market price range forecast for the year 2007 in mainland Spanish market with confidence level˛= 95%, using the PSO and GA are presented in Figs. 4 and 5, respectively.
In these figures we verify results PSO are better for this particular problem when compared with GA results, because the sum of the MAPE for the maximum and minimum monthly market price average forecast is lower for PSO. Also from the same figures it is possible to verify the monthly market price average range forecast include in 91.67% the real monthly market price average.
Comparing Figs. 4 and 5, we verify that for the December the monthly market price average range forecast does not include the real monthly market price average. This occur because from Fig. 3 , with the exception of the year 2002, the monthly market price average variation between November and December was not so high when compared with the same period of the year 2007. Indeed, we use a regression model, with objective to minimize absolute error for the historical data. This is not possible to capture such pattern. Maybe these results will be better than the obtained results, if we have other type of information, like temperature for example.
Long-term risk management
Finding the optimal portfolio of contracts for a deregulated electricity market agent is a hard task due to the characteristics of the "product" electricity and to the non-linear characteristics of the available contracts. This paper presents a new methodology for long-term risk management tool, taking into account, large period price forecast and contractual diversification that are the key issue for an efficient risk management. To achieve this, it is assumed that producers can make use of contracts with physical settlement (spot and forward contracts) and contracts with financial settlement (options contracts). It has been solved by a combination of PSO and regression algorithms.
Spot contracts
Electricity market design is mainly dependent of financial, political and ideology reasons. Therefore, deregulated electricity markets design varies from country to another. However, spot market becomes the core of the main deregulated electricity markets around the world. Producers make extensive use of this market to sell their energy on an hour or half-hour basis. The revenue from the short position (who sells has a short position and who buys has a long position) obtained by the producer is dependent of the period i and scenario j and is given by (17) :
Forward contracts
The strategy of buying the asset today to offset part of future losses does not apply. The closer strategy is to buy a forward or futures contracts. Forward contracts are bilateral agreements in which two parts agree mutually on the characteristics (quantity, price, point of delivery and date/time). The payment is made only on a future date, eliminating the risk associated to price variation.
The producer revenue from a short forward position on forward contracts is given by (18) . In this risk management tool it was considered that the delivery period for forward contracts is the same of all period in analysis:
The delivery price is fixed on forward contracts. So, its revenue is only dependent on the delivery price and quantity established in the contract.
To avoid producers take advantage of any arbitrage opportunity, this long-term risk management tool does not allow long positions on forward contracts.
Options contracts
On options contracts the buyer have the right, but not the obligation, to exercise the contract. Based on that, there are four positions on options contracts: short call, long call, short put and long put. However, risk management tool only allows the producers to establish short call and long put positions. These positions are similar to the positions of the producer can establish to sell the produced energy with physical settlement. If producer is allowed to establish four positions types, quantities to practice the hedge would be almost infinite if a financial limit is not established.
It was assumed they are financial type and European-style options (European-style options can only be exercised at the beginning of the delivery date while American-style options can be exercised at any time until the delivery date).
The payoff for the short call position is given by (19) :
From Eq. (19) it is clear that the buyer only exercises the call option if the Market Clearing Price is higher than the delivery price. Also we can see the seller (producer) payoff is positive only if the Market Clearing Price at the expiration date is lower than the call option exercise price plus the premium.
For the long put position, option buyer (producer) will exercise it if the MCP is lower than the exercise price.
The payoff for long put position is given by (20) :
From Eq. (20) it can be seem the long put position payoff is positive only if the MCP is higher than the exercise price.
Mathematical optimization problem
To find optimal energy quantities establishing on each contract type, it was developed an optimization problem based on a meanvariance of the return. This formulation allows finding the optimal energy quantities that maximizes the profits and simultaneously practices the hedge against the MCP volatility in function of the producer risk aversion factor.
The mathematical formulation is stated as following: where
and
The mean-variance formulation resemble closely the Valueat-Risk (VaR) formulation and have as main advantage to be computationally more efficient for a given risk aversion factor . Moreover, VaR formulation needs higher order of information about the joint probability distribution of the payoffs and is highly sensitive to the high impact of low probability events, which create "fat tails" in payoff distribution. In this formulation we assumed the risk aversion factor is equal for the whole period in analysis.
The return for each period i, expressed in Eur, is a function of the considered minimum or maximum price forecast scenario j for that period, and is equal to the sum of all revenues and options payoffs minus the costs of production.
Mathematically, the return is
Options contracts have financial settlement; the total production cost is only dependent on the energy that the producer will sell on spot market, and on forward contracts, meaning that is only dependent of the energy established on contracts with physical settlement.
Penalty functions
Due to optimization problem complexity, PSO was used to find the optimal solution and results were compared with GA results.
To satisfy constraint (22) 
PSO and GA parameters
The parameters of PSO and GA, used finding the best solution are presented in Tables 13 and 14 , respectively. Besides these parameters being dependent on the fitness function, experimentations show that the number of evaluations used does not compromise the results and allow achieving the optimal solution.
Producer characteristics
It was assumed that producer cost function is equal for the entire period in analysis (1 year) and is given by Eq. (34):
where P g is in MW, C in Eur/h, P max g = 200 MW and P min g = 5 MW. The cost of sales (like taxes, market commissions and others) is not addressed. Moreover, there is just as much risk in the cost of sales as there is in the generation of revenue.
Contracts characteristics
Options contracts characteristics with delivery period for the year 2007 are presented in Table 15 .
It was assumed that forward contracts with delivery period for the year 2007 are traded at a price equal to 40 Eur/MWh.
Case study
In this case a producer aims (in December 2006) to find the optimal contracts portfolio for the entire year of 2007. However, although to be beyond the purpose of this work, the producer must adjust its contractual positions continuously (say once a month) and whenever, he needs to reconsider his contractual positions already established in forward and other contracts, before adjusting the portfolio.
Although PSO achieve better results on monthly price range average forecast, Fig. 4 present the results for the year 2007.
An evaluation of PSO and GA performance for this particular problem has been carried out. The algorithms' stopping criterion was the maximum number of evaluations (fixed in 400,000 evaluations). With 20 particles in the PSO 20,000 iterations were performed. For GA a population size of 50 individuals and 8000 generations was used. Due to random initialization, the trajectory for each run is different; so, we used 10 runs to calculate the average and the standard deviation of the results.
Due to the problem complexity, the entire period was divided in sub-periods of one month of duration allowing to reduce the number of variables and, consequently, turning the optimization problem lighter.
In Tables 16 and 17 results are presented for the average quantities, in MWh, for each contractual position and risk aversion factor using PSO and GA, respectively.
The standard deviation of the results using PSO and GA is presented in Tables 18 and 19, respectively. Comparing the standard deviation for each solution (Tables 18 and 19) , we conclude that PSO is more robust than the GA.
The mean and the standard deviation of the fitness functions for the 10 runs and for each risk aversion factor are presented in Table 20 . Table 20 also includes the mean time necessary to reach the optimal solution for PSO and GA.
It can be verified from Table 20 that, for this particular problem, PSO is faster than GA (smaller mean time), finds better solutions (smaller mean fitness value) and is more robust (smaller standard From Figs. 6 and 7 we conclude that, for the same risk aversion factor , the bigger the expected return the bigger the risk (standard deviation of the return) that the producer is exposed to. Analyzing Figs. 7 and 8 we verify that the risk (standard deviation of the return) is inversely proportional to the risk aversion factor , and so is the energy that the producer will sell in the spot market. This happens because the lower the risk aversion factor the most indifferent the producer will be to the risk and therefore he will have more risky attitudes and sell more energy on the spot market, as it can be seen in Fig. 8 . Table 16 Average quantity, in MWh, to establish by contractual position and risk aversion factor using PSO. Table 17 Average quantity, in MWh, to establish by contractual position and risk aversion factor using GA. 
Positions

Conclusions
In this paper an effective long-term risk management tool has been proposed that allows producers to maximize their expected return while practicing the hedge against spot price volatility. Moreover, to do this, three models have been elaborated in this work. One is for risk management that depends on the price forecasting, which also depends on the load forecasting. The main advantage of the price forecasting model is the fact that does not make any statistical distribution function for market price assumption.
For solving the model of load and price forecast, PSO technique has been used to find the best regression parameters.
The methodology has been applied to a case study to carry out load and price forecasting. Results demonstrate that this methodology can effectively support handle the decision-support for long-term risk management in power systems.
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